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Opening Scenario: A Passing Fix Can Still Fail

AI generates a fix
code review and CI checks pass

Fix is deployed
the pipeline sees a valid artifact

Runtime violation
missing compliance evidence

Core question

Can engineers justify, audit,
and certify AI-assisted decisions?

Evidence gap
“Passing tests 6= traceable engineering
evidence.”

Thesis: XAI for software engineering is a lifecycle, persona, and certification
problem. (Ibrahim & Lim; Zhao et al.)

sources Ibrahim & Lim, Energies 2025•Zhao et al., IEEE TSE 2025
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The Black-Box Problem in the SDLC

Trust
Black box
Why did AI suggest this
refactor?
Glass box
Trace from requirement to
code change.

Safety
Black box
LLM code passes lint but
exposes a CWE risk.
Glass box
XAI flags the risk before
merge.

Assurance
Black box
A plausible rationale cannot
be verified.
Glass box
Provenance log becomes an
auditable artifact.

The gap is not one tool. It is the lifecycle. (Huang et al.)

sources Huang et al., ESWA 2024
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Three Research Questions

RQ1 – Coverage
Which SDLC phases
and stakeholder roles are
covered in AI-assisted SE?

Motivates: phase/persona
coding

RQ2 – Faithfulness
How rigorously are XAI
explanations validated for
causal faithfulness?

Motivates: Q2 criterion,
LLM gap

RQ3 – Personas
To what extent are
explanations grounded in
concrete stakeholder roles?

Motivates: persona
mapping

These RQs map directly to the coding scheme and quality criteria
SMS / mapping protocol: Kitchenham & Charters 2007; Petersen et al. 2015.

sources Kitchenham & Charters, EBSE 2007•Petersen et al., IST 2015
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Why Prior Surveys Miss the Core Gap

Related work is strong within each lens — but no one lens links explanations to the SDLC, personas, and
faithfulness.

General XAI (Awal & Roy)
Strong taxonomies and evaluation
metrics.
× Weak linkage to SE artifacts and
lifecycle decisions.

AI in SE (Ahmed et al.)
Broad coverage of code, defects, and
testing.
× Explainability treated as a secondary
concern.

LLM task studies (Umama et
al.)
Detailed, tool-level evidence per task.
× No cross-phase or cross-persona
synthesis.

Our survey closes the gap
X SDLC-wide across ML, DL, and LLM tools
X Faithfulness-coded (Q2) — verified, not assumed
X Persona-grounded (Q3) SDLC evidence

Closest prior survey (Arora et al.): phase-oriented only — we add cross-generation synthesis, faithfulness
coding, and persona grounding.

sources Awal & Roy, JSS 2024•Ahmed et al., ACM TOSEM 2025•Umama et al., IEEE Access 2025•Arora et al., COMPSAC 2025
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Method Rigor: A Traceable SMS

Identification

126 records (IEEE: 43, Scopus: 68, SD: 15)

−20 duplicates removed

Screening

106 unique records

30 excluded
title/abstract · outside scope

−30 excluded

Eligibility

76 full-text assessed

17 excluded
no XAI technique ·no SE artifact

−17 excluded

Included

59 primary studies

Search scope

IEEE Xplore, Scopus, ScienceDirect
search executed: 15 January 2026
2019–2025, English, peer reviewed

Quality assurance

3 criteria: evaluation, faithfulness, persona
inter-rater reliability: κ = 0.81 (Landis &
Koch 1977)

59 studies · 4 SDLC phase groups · 3
model families

SMS protocol: Kitchenham & Charters 2007; Petersen et
al. 2015; Page et al. 2021.

sources Kitchenham & Charters, EBSE 2007•Petersen et al., IST 2015•Page et al., BMJ 2021•Landis & Koch, Biometrics 1977
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Contribution 1: Six-Dimensional Coding Framework

SDLC Phase

• Requirements & Design
• Implementation
• Testing & Debugging
• Maintenance & Operations

Personas & Decisions

• Developer, Tester
• Architect, PM
• Operator, Compliance
• End-user

Model Type & Evaluation

• ML, DL, LLM
• Offline metrics
• Human studies
• Field deployments

XAI Technique & Modality

• Attribution, Rules
• Counterfactual, Examples
• Natural-language rationales
• Visual analytics
• Local/global, ante/post-hoc
• Agnostic/specific

XAI in SE

Domain & System Type

• Robotics, CPS
• Industrial control
• Decision support
• Smart manufacturing
• Safety-criticality
• Embedded / cloud

RQ1 → Phase & Persona RQ2 → Faithfulness RQ3 → Persona & Domain

T.H.C. Le and X.-B. Le 12 / 32



Finding 1: Explainability Arrives Too Late

RQ1

DISTRIBUTION BY SDLC PHASE (n = 59 studies)

Explainability clusters after design
0% 20% 40%

Requirements & Design 14%
design decisions made here

Implementation & Security 39%

Testing & Debugging 25%

Maintenance & Operations 22%

86%
after
design

Interpretation: requirements & design remain the least-supported SDLC phases.

T.H.C. Le and X.-B. Le 13 / 32



Finding 2: The Faithfulness Crisis

RQ2

FAITHFULNESS EVIDENCE ACROSS 59 STUDIES

Plausible explanations, unproven causally

0/59
studies with full
causal validation

0 20 40 59
number of studies

No validation
43

Partial
16

Full causal
0 none

Partial validation

LLM 4/37

11%

Non-LLM 12/22

55%

Implication: faithfulness is the weakest evidence layer for audit-ready XAI.
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Finding 3: Persona Alignment Is Claimed, Not Shown

RQ3

PERSONA TARGETING VS. PERSONA-GROUNDED EVALUATION

Roles are named, not evaluated

0% 25% 50% 75%

Roles named / targeted
68%
40/59

Roles used in evaluation
14%
8/59

54-point gap

Role-specific explanation needs

Developers — code context

Testers — traceable failure logic

Operators — drift / root-cause

Compliance — provenance logs

Gap: roles are named as motivation, but rarely evaluated as design targets.

T.H.C. Le and X.-B. Le 15 / 32



Contribution 2: Reproducible Evidence Base (Q1–Q3 Coding)

How Findings 1–3 become reproducible evidence

Criterion What we coded (59 studies)

Q1 Evaluation rigor All studies report an explicit evaluation type (metrics, user study,
or deployment).

Q2 Faithfulness Causal vs. proxy validation coded as Yes / Partial / No — none
reached full causal.

Q3 Persona
grounding

Whether a concrete stakeholder role is operationalised in
evaluation.

Findings 1–3 are measured outcomes of this coding base.

T.H.C. Le and X.-B. Le 16 / 32



Contribution 3: Persona-to-Architecture Mapping

RQ3

Four parallel architecture patterns

Box 1 IDE-Integrated
Code → developer UI

Box 2 CI/CD Services
Tests → decision gate

Box 3 Domain MLOps
Req./logs → dashboards

Box 4 Graph / KG
Logs → audit trail

Persona Artifact Box Explanation need

Developer Code 1 Inline, actionable code context
Tester / QA Tests 1+2 Traceable test logic and CI gate

evidence
SRE / Ops Logs 3 Drift-aware root-cause

dashboards
Compliance Req. 4 Graph-based audit trails and

evidence bundles
Many-to-many mapping, e.g. Tester spans Box 1 and Box 2.

Tailor explanations to who needs them, in the tool they already use.

T.H.C. Le and X.-B. Le 17 / 32



01 Motivation & Problem

02 Research Gap

03 Methodology

04 Findings

05 Research Agenda

06 Conclusion



Blueprint for Certification-Ready XAI

SE artifact XAI architecture patterns Personas

Code

Tests

Requirements

Logs

Box 1

IDE / Tool Integrated

IDE
LLM+XAI

engine
Dev UI

Box 2

CI/CD services

Git/CI
pipeline

XAI
(API/CLI)

CI decision
gate

Box 3

Domain MLOps

Data &
Models

MLOps
+ XAI

Domain
dashboards

Box 4

Graph- / KG-based

Knowledge
graph

LLM + UI
Decision
support

Developer

Tester/QA

SRE/Ops

Compliance
/ Auditor

Embed XAI where SE decisions already happen.

Study limitations: Three databases; 59 of 126 after
PRISMA; corpus skews to 2024–2025 LLM tools.

Boundary: Conceptual blueprint — industrial
validation still required for certification.

T.H.C. Le and X.-B. Le 19 / 32



Research Agenda: Three Priorities

1. Faithfulness-by-design
Embed perturbation
analysis, causal probing,
and static-dynamic checks
into XAI workflows.
→ Governance: explanations
become verifiable decision logs.

2. Persona-aware
evaluation
Link explanations to
stakeholder decisions, not
only model metrics or
subjective plausibility.
→ Quality: faithfulness moves into
acceptance criteria.

3. Certification-ready
pipelines
Standardise logs,
provenance, uncertainty,
and traceability as
first-class SE artifacts.
→ Certification: aligned with
ISO/IEC 42001 & 25059 (ISO/IEC
42001; ISO/IEC 25059).

From ad hoc explanations to auditable glass-box SE. (Awal & Roy)

sources ISO/IEC 42001:2023• ISO/IEC 25059:2023•Awal & Roy, JSS 2024
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Conclusion: Did We Answer Our RQs?

Question Answer from the mapping study Verdict

RQ1 Where is XAI coverage? Impl./Security 39% vs Req./Design 14%; dev/tester
focus 68%.

Late-skewed

RQ2 How faithful are
explanations?

0/59 full causal; LLM 4/37 vs non-LLM 12/22
partial.

Unproven

RQ3 Are personas
operationalised?

Only 8/59 studies operationalise a concrete role. Rare

Open problems

1. Faithfulness-by-design
verify explanations, do not assume
them

2. Persona benchmarks
evaluate explanations by stakeholder
role

3. Certification-ready
treat explanations as SE artifacts

From black-box AI assistance to glass-box software engineering (Ibrahim & Lim;
Velasco et al.).

sources Ibrahim & Lim, Energies 2025•Velasco et al., ICPC 2025
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TAKEAWAY

Evidence first.
Verify explanations.
Log for audit.

XAI in SE
Late-skewed and role-imbalanced
Faithfulness
Unproven until causally tested
Engineering practice
Treat explanations as SE artifacts

Thank You
Questions & Discussion

CONTACT
Thi-Hong-Cuc Le
lthcuc.sdh242@hcmut.edu.vn
Xuan-Bach Le
lexuanbach@hcmut.edu.vn

IEA/AIE 2026, YR-AIS Track
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Backup: Search and Selection Details

Database results
Database Records Included

IEEE Xplore 43 22
Scopus 68 28
ScienceDirect 15 9

Total 126 59

Inclusion criteria
AI/ML/LLM deployment
explicit explainability component
SE artifact linkage
peer reviewed, English, 2019–2025

SMS selection protocol [29,36,38].



Backup: Database Search Strings

Search executed 15 January 2026 · 2019–2025 · English · peer reviewed

IEEE Xplore (All Metadata)
("explainable AI" OR "XAI" OR "interpretability" OR "model
explanation")
AND ("code generation" OR "code completion" OR "program
synthesis"

OR "code LLM" OR "large language model")
AND ("software engineering" OR developer OR "code review"

OR "pull request" OR "test generation")

ScienceDirect (sequential refinement)
1. "code generation" OR "program synthesis" OR "AI-assisted
programming"
2. AND "explainable AI" OR "interpretable" OR
"interpretability" OR XAI

3. Filters: 2019--2025 via interface

Scopus (String 1: implementation)
TITLE-ABS-KEY(("explainable AI" OR "interpretable AI" OR XAI

OR "model explanation") AND ("code generation" OR
"code completion" OR "program synthesis" OR "large language
model"
OR "code LLM") AND ("software engineering" OR developer OR
"code review" OR "test generation" OR DevOps))

AND (PUBYEAR > 2018 AND PUBYEAR < 2027)

Scopus (String 2: lifecycle)
TITLE-ABS-KEY(("explainable AI" OR "interpretable AI" OR XAI

OR "interpretability") AND ("software development
lifecycle" OR SDLC OR DevOps OR "MLOps" OR "V-Model" OR
"verification and validation") AND (code OR "source code" OR
"test" OR "test case" OR "software system"))

AND (PUBYEAR > 2018 AND PUBYEAR < 2027)

Queries returned 126 initial records (IEEE 43, Scopus 68, ScienceDirect 15); full strings in paper
Appendix A [29,38,36].



Backup: PRISMA Selection Funnel

PRISMA stage n Outcome

Identification 126 IEEE 43, Scopus 68, ScienceDirect 15
After duplicate removal 106 20 duplicates removed
Title/abstract screening 76 30 excluded (outside scope at screening)
Full-text assessment 76 each paper read for empirical XAI–SE

integration
Full-text exclusions 17 no XAI technique and/or no SE artifact

linkage

Included primary studies 59 entered quality coding (Q1–Q3) and
taxonomy extraction

Counts match Figure 3 in the paper; selection followed PRISMA 2020 [36,29].



Backup: Full-Text Assessment Criteria

Assessed in all 76 eligible papers

AI deployment: ML, DL, or LLM used
in a software engineering task
Explainability: explicit XAI component,
not black-box output only
SE artifact linkage: code, tests,
requirements, logs, or pipeline artifacts
Empirical evidence: evaluation, user
study, or deployment report

Reasons for exclusion (17 papers)

no empirical XAI–SE integration at
full-text read
missing explicit explainability technique
no traceable software engineering artifact
also screened out: position papers,
domain-agnostic works, non-English,
pre-2019

Full-text assessment is the gate that turns database hits into codable primary studies.

Inclusion and exclusion rules as stated in Section 3.1 [36,38].



Backup: Post-Inclusion Quality Coding

Indicator Yes Partial No Coding rule (59 studies)

Q1 Evaluation reported 59 0 0 explicit metrics, user study, or
deployment evaluation

Q2 Faithfulness
validated

0 16 43 causal vs. proxy validation (strict
causal bar for Yes)

Q3 Persona grounded 8 13 38 concrete stakeholder role
operationalised in evaluation

Reliability
20% of studies double-coded; Cohen’s
κ = 0.81; disagreements resolved by
consensus [31].

Traceability
Six-dimensional taxonomy extraction;
per-study matrix in Appendix B; multi-phase
studies assigned by dominant task.



Backup: Why This Matters for Applied Intelligent Systems

Governance
Explanations become
decision logs: prompts,
versions, approvals,
retrieval sources, and
agent actions.

Quality
Faithfulness checks move
from optional post-hoc
analysis into acceptance
criteria and regression
evidence.

Certification
XAI artifacts may help
organise governance and
software-quality evidence
for ISO/IEC 42001 and
ISO/IEC 25059 [28,27].

Boundary condition
The pipeline is a conceptual blueprint from mapped evidence; certification still requires
end-to-end industrial validation [18,25].



Backup: Phase and Model Distribution

Phase LLM ML DL Q2 Yes Partial No Total

Requirements & Design 5 3 0 0 3 5 8
Implementation & Security 20 3 0 0 6 17 23
Testing & Debugging 8 2 5 0 4 11 15
Maintenance & Operations 4 9 0 0 3 10 13

Total 37 17 5 0 16 43 59

Defensible reading
Faithfulness challenges are structurally tied to the LLM-rationale pairing, not only to individual
tools [38,50].



Backup: LLM Explanation Strategies

Strategy Mechanism Main limitation

Chain-of-thought generated rationale with prediction unverified reasoning path
RAG retrieve then explain retrieval and summarisation opacity
Multi-agent role separation and consensus latency and non-determinism
Intrinsic probing internal representation analysis architecture-specific evidence

Observed in the corpus
CoT and RAG show only marginal partial-faithfulness evidence; multi-agent and intrinsic probing studies
show none in the coded sample [40,63,57,54].



Backup: Certification-Ready Artifacts

Requirement type Pipeline artifact

Governance / accountability prompts, model versions, approvals, agent actions
Traceability links from requirements, tests, issues, outputs, explanations
Evaluation evidence benchmark reports, human studies, acceptance criteria
Runtime assurance drift alerts, incident reports, rollback records
Provenance retrieval sources, ranks, snapshots, data and model lineage

Positioning
Certification-ready XAI treats explanations as engineering artifacts, not as decoration around AI
outputs [28,27,22,14].



Backup: Study Limitations & Validity

Study limitations

Three databases only (IEEE, Scopus,
ScienceDirect)
59/126 after PRISMA — traceable
mapping, not census
Corpus skews to 2024–2025 LLM tools
Multi-phase studies assigned to one
dominant phase

What we still claim

Reproducible SMS with explicit search
strings
76 full-text papers assessed before
inclusion
Dual coding with κ = 0.81
Directional gaps hold under conservative
coding

Limitations bound generalisation; they do not reverse the late-skewed, faithfulness, or persona findings [29,36,50].



Backup: Positioning vs Prior Surveys

Lens Typical prior work This mapping study

General XAI taxonomies and metrics explicit linkage to SE artifacts and
lifecycle decisions

AI in SE broad task coverage explainability as a first-class coded
dimension

LLM tool studies single-tool or single-phase evidence cross-phase, cross-model synthesis
(ML/DL/LLM)

Arora et al. (COMPSAC
2025)

phase-oriented survey faithfulness coding (Q2), persona
grounding (Q3), certification
blueprint

Distinct contribution
An SDLC-wide, persona-aware, faithfulness-coded evidence base for applied intelligent software
systems [7,8,5].



Backup: Chair Q&A Quick Reference

Likely chair question Bound in one line See backup

Is faithfulness coding too
strict?

Yes bar = causal validation; 0/59 full, 16
partial; κ = 0.81

Post-Inclusion Quality
Coding

Why only 59 studies? 126→76 full-text →59; deliberate scope PRISMA Funnel
What search strings were used? Database-specific Boolean queries; 15 Jan

2026
Database Search
Strings

Is the blueprint validated? No — conceptual synthesis; industrial
validation required

Certification-Ready
Artifacts

Main study limitations? Three DBs; corpus skew; mapping not
exhaustiveness

Study Limitations

How is this different from
Arora et al.?

Adds faithfulness + persona coding and
cross-generation synthesis

Positioning vs Prior
Surveys

Boxes 1–4 sequential? No — four parallel architecture patterns Contribution 3 slide
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